. With the focus on improved starch production and access, corn quality is one of the best indicators of ethanol yield, as the amount of starch determines the theoretical amount of ethanol. Near-infrared spectroscopy (NIRS) is one such method that can be used to evaluate corn composition and, with an appropriate model, corn composition can be used to predict ethanol yield. Many current models are held back by real world applicability, in that they are restricted to lab-scale validation, direct NIRS calibrations, or proprietary models/equipment. At the commercial level, corporatelyproduced propriety models have been developed by DuPont Pioneer and Monsanto. Neither
Monsanto nor DuPont Pioneer's products are available outside of company databases, and both are only applicable to Foss Infratec units, which left a need for a more universal method. Burgers et al. developed a multiple-linear regression equation for predicting corn ethanol yield based on near-infrared spectroscopy (NIRS) measurements of protein, oil, and density on a 15% moisture basis . Unlike corporately-developed models, this equation was intended to function independently of corn hybrid, corn supplier, growing location, and NIRS instrument make/model used, as long as the calibration database was consistent. Iterations of the model were evaluated, and the most current version was chosen to use in the rest of the research. A comparison of the model predicted yield, based on inbound grain composition, and corresponding reported ethanol yield from the same grain was performed to validate the model. The slopes for the plants' predicted and reported ethanol yields did not differ significantly from one another. Overall, the combined model for the linear regression produced a low R 2 value (0.23) which shows that a significant amount of variability in the data is not explained by the model. On average, the data validated the prediction model. Day to day or batch by batch variability in processing was not accounted for in the equation, but the variability of the corn composition was. From the linear regression analyses performed on each plant, the slopes are the same, but there is a plant-specific bias. This equation identified key corn quality parameters.
Because the equation validated for all plants, the equation is validated to function independently of corn hybrid, corn supplier, growing location, and NIRS instrument make/model used. The model validated with a root mean square error of 0.13 gal/bu, and no difference (0.0008 gal/bu) between overall reported and predicted yield means.
INTRODUCTION
The corn ethanol industry in the United States has grown over the last 20 years, increasing from 1% to 10% of the total US fuel supply (Renewable Fuels Association 2015) . The process has become more efficient, using fewer bushels of corn per gallon of ethanol produced The adoption of rapid and accurate methods of measuring inbound corn quality is not yet widespread in the ethanol industry. Near-infrared spectroscopy (NIRS) can be used to evaluate corn composition and, with an appropriate model, corn composition can be used to predict ethanol yield. Evaluation of predicted ethanol yield versus actual production yield can be used to identify potential for improvement (benchmarking).
There have been attempts to develop models that predict ethanol yield potential based on corn characteristics, such as protein content, starch content, oil content, and kernel density, as determined by NIRS . Many of these models are held back by real world applicability, in that they were restricted to lab-scale validation, direct NIRS calibrations, or proprietary models/NIRS equipment. The following research was conducted to validate an ethanol yield prediction model equation for dry-grind ethanol plants, in a commercial setting, using a generic equation intended for all corn hybrids and NIRS equipment.
LITERATURE REVIEW

Dry-Grind Ethanol Production
Approximately 90% of the ethanol industry uses the dry-grind process (Renewable Fuels Association 2015). Dry-grind ethanol plants produce ethanol by breaking down corn starch into simple sugars, and then fermenting those sugars with yeast. The process is shown in Figure 2 .
Whole corn is ground into flour (most often by hammermills) to which water is added to create a mash. In most plants, the mash is heated and then cooled in the cook step, in order to gelatinize starch and allow enzyme access. One enzyme, alpha-amylase, is added to break up the alpha-1,4
linkages in the starch, reducing it from amylose to maltose and glucose in the liquefaction step.
Another enzyme, glucoamylase is then added to finish breaking the starch components into glucose by cleaving alpha-1,4 linkages of non-reducing ends in starch. Glucoamylase also hydrolyzes alpha-1,6 linkages, yielding free glucose . Once starch has been broken into simple sugars, yeast is added to ferment the sugars into alcohol, with a release of carbon dioxide (Figure 1 ). then dehydrated, and finally denatured (with regular gasoline) before storage. The solids leave fermentation as whole stillage, which is centrifuged and separated into two streams: thin stillage (low solids) and wet distillers grains, a marketable co-product. Some of the thin stillage is routed through evaporation to be concentrated into a syrup. This syrup can be added back to the wet distillers grains. The mix can be dried to increase shelf-life, which produces the co-product Dried Distillers Grains with Solubles (DDGS). shares sold by specific plants. Common dry-grind ethanol co-products and their uses can be seen in Table 1 . 
Figure 1: Glucose Fermentaion
Distillers Grains
Stillage that is sold as feed commodity wet or dried.
Corn Oil
Oil extracted from stillage after fermentation. Can be used as an ingredient in biodiesel production.
In a standard dry-grind ethanol plant, one bushel (56 lbs) of corn will produce approximately 2. . With the focus on improved starch production and access, corn quality is one of the best indicators of ethanol yield, as the amount of starch determines the theoretical amount of ethanol. Near-infrared spectroscopy (NIRS) can characterize corn quality.
Near-Infrared Spectroscopy
Near-Infrared Spectroscopy (NIRS) is a rapid, non-destructive method of using the nearinfrared spectrum to determine the organic composition of a sample (Workman, Jr. 2014) . Nearinfrared (NIR) energy is a specific region of the electromagnetic spectrum which extends approximately from 780-2500 nanometers ( Figure 4 ). NIRS measures the amount of nearinfrared energy absorbed by a sample, which correlates to the sample's chemical compositions.
Figure 4: Electromagnetic Spectrum (Analytical 2005)
NIRS analysis is a significantly less time intensive analysis as compared to analytical chemistry, specifically as it requires little to no sample preparation . The original configuration used diffuse reflectance to measure in the NIR region; now NIRS instruments use either transmittance or reflectance, across a wide array of applications, from agriculture to pharmaceuticals.
NIRS requires the calibration to a set of reference values. Calibrations are then used in the future to compute the composition of samples. These multivariate calibrations quantify the relationship between instrument spectra and reference data. Reference data, in regards to corn, is laboratory or reference chemistry performed to quantify the grain's composition. Thus, NIRS data is read as the prediction of the sample characteristic in question, for example, protein content. In agriculture, one idea of using NIRS was to "enable detection of quality changes of raw materials and final product under steady process conditions" ).
NIRS can be used to quantify corn composition, both whole kernel and ground samples.
Proven models consider moisture, protein, oil, and starch content (%) and kernel density (g/cc).
Typical corn composition is made up of 71% starch, 9% protein, 4% oil on a dry basis (Watson 2003) . In regards to ethanol production, corn composition indicates ethanol yield, as corn starch is converted to ethanol. The use of NIRS for starch prediction is limited by imprecision in wet chemistry methods used for starch quantification, which provides the reference data for the NIRS calibrations . 
INTRODUCTION
The adoption of rapid and accurate methods of measuring corn quality on inbound grain
is not yet widespread in the ethanol industry. Near-infrared spectroscopy (NIRS) is a method that can be used to evaluate corn composition and, with an appropriate model, corn composition can be used to predict ethanol yield. Evaluation of predicted ethanol yield versus actual production yield can be used to identify potential for improvement (benchmarking).
There have been attempts to develop models that predict ethanol yield potential based on corn characteristics, such as protein content, starch content, oil content, and kernel density, as determined by NIRS (Renewable Fuels Association 2015) . This increased yield can be attributed in part to better processing efficiency and high fermentable corn hybrids . With the focus on improved starch production and access, corn quality is one of the best indicators of ethanol yield, as the amount of starch determines the theoretical amount of ethanol. Near-infrared spectroscopy (NIRS) can characterize corn quality.
Near-Infrared Spectroscopy (NIRS) is a rapid, non-destructive method of using the nearinfrared spectrum to determine the organic composition of a sample (Workman, Jr. 2014) . Near-infrared (NIR) energy is a specific region of the electromagnetic spectrum which extends approximately from 780-2500 nanometers. NIRS requires the calibration to a set of reference values, which are then used to compute the composition of the sample. These multivariate calibrations quantify the relationship between instrument spectra and reference data. NIRS data is read as the prediction of the sample characteristic in question, for example, protein content.
Proven models can determine moisture, protein, oil, and starch content (%) and kernel density (g/cc). Typical corn composition is 71% starch, 9% protein, 4% oil on a dry basis (60.4%, 7.7%, 3.4% on a 15% moisture basis) (Watson 2003) . In regards to ethanol production, corn 
MATERIALS AND METHODS
Model Equation
The The most recent iteration of the model had an increased standard error from its previous iteration (0.057 and 0.046, respectively). It included some diverse samples and, when adjusted to mimic the range of protein values seen in commercial practice, was the best version to use for this research. This final version was then used in ethanol plant trials.
Industrial Ethanol Plant Production Trials
Industrial ethanol production plant trials were conducted in four dry-grind ethanol plants, instruments were used to analyze incoming whole kernel corn moisture, protein, oil, and kernel density. All four NIRS instruments were calibrated by the Iowa State University Grain Quality Lab to help control instrument variability. Those facilities not previously using NIRS instruments were trained by ISU GQL employees on an NIRS unit provided by Iowa State
University. The table below shows characteristics of each plant. 
Site visits
Two site visits were made to each facility prior to beginning the trial: the first to discuss the trial with operators and develop individual plant protocols; the second to train operators to use the NIRS instruments and to deliver NIRS instruments to those that did not previously have them.
Employees at each facility were asked to record NIRS data (sample ID, moisture, protein, oil, starch, and density) and corresponding sampling information, such as time, date, sampling location in the plant, and which fermenter or batch to which the sample corresponded. Plants were asked to sample whole corn on receipt, and before hammermills (if possible). Table 3 is a summary of the requested sampling plan. Retention sample NIRS data obtained at ISU was matched to NIRS data provided by plants with a goal of achieving as close a correspondence as possible. For example, typically only 1 sample was submitted per plant, but the same plant may have submitted 3 NIRS analyses that day. In this case, the NIRS data obtained at ISU GQL for the 1 retention sample was matched to all 3 NIRS analyses for the same day. Protein (% at 15% MB) and oil (% at 15% MB) for retention samples and plant NIRS data were used to validate the NIRS instrument data being taken by each plant. Density NIRS data was not included in the validation, as protein and oil were the largest contributors of corn composition. Statistical analysis was performed using JMP Pro 11.0.0 (SAS Institute Inc., Cary, NC).
Validation of Ethanol Yield Model
After validating the plant-supplied NIRS data with the retention samples, the plant NIRS data was used in the validation of the ethanol yield model. All predicted ethanol yields were predicted using the updated ethanol yield prediction equation:
Plant-supplied NIRS data was used in the equation to calculate a predicted ethanol yield.
Predicted ethanol yields were compared to plant-reported ethanol yields. Reported yields from plants were all standardized to gallons of ethanol produced per bushel of corn (gal/bu) at 15% moisture, in order to compare them to predicted yields from NIRS data. When possible, predicted and reported yields were matched by batch (as reported), otherwise yields were matched as well as possible on a daily basis. All NIRS data for a day (multiple predicted yields)
were matched to that day's reported ethanol yield. If more than one yield was reported for a day, those values were averaged then related to predicted ethanol yields. Plant 4 was unable to supply reported ethanol yield data that could be standardized to gallons of ethanol per bushel corn ground, and subsequently had to be excluded from all analysis.
Reported and predicted ethanol yields for each plant were compared, then fit with a linear regression model. Averages of reported and predicted ethanol yields for each plant were evaluated with corresponding standard deviations. The model was evaluated against predicted yields for all plants combined, and then for each plant individually. Contrast tests were performed to test the significance of each parameter. Corn composition as reported by plants in NIRS results was also evaluated between reported and predicted ethanol yields.
RESULTS
Updated Model Equation
To determine the best iteration of the validation equation to use for the current research, a test file was developed using a set of normal corn from both a set of strip plots and a set of specialty corn. The progressive model history including number of samples, equation
coefficients, and standard error of cross validation, is shown in Table 4 , below. The development software was Unscrambler 9.8 (Camo Software AS, Oslo, Norway). it is essentially kernel packing, and with protein already accounted for, the packing is the amount of starch in the kernel. More starch would indicate a higher ethanol yield.
The final iteration of the model equation including all sample data was evaluated. A reduced sample set that reflected normal protein content seen at ethanol facilities was tested for robustness. This was done by predicting ethanol yields for the full sample set and the reduced sample set and comparing the standard errors. Table 5 shows the full set and reduced set data.
Average ethanol yields, both predicted by the equation and the corresponding reference yield with standard deviations are shown beside the number of samples for each set. Ranges for protein, oil, and kernel density are also displayed. The reduced set composition ranges more accurately depict what would be received at a commercial ethanol plant. The standard error of cross-validation of the full model was 0.059 gal/bu. With the reduced range of samples, standard error of prediction was 0.048 gal/bu. The robustness of the center of the model did not change as more variable samples were added ( Figure 5 ). The latest iteration (5), of the model, was used for the plant study.
Figure 5: Ethanol Yield as predicted by full and reduced models
Retention Sample Validation
Retention samples sent to ISU were run through a Foss Infratec 1229 Grain Analyzer to obtain NIRS data for protein, oil, and kernel density at 15% moisture basis. The protein and oil NIRS data from the retention samples at ISU were compared to the protein and oil NIRS data received from the plants. Distributions for protein and oil from the facilities and ISU were evaluated. Because individual samples from each source could not be directly matched, a simple linear regression analysis was not performed. Instead, the overall sample set from each source was compared to one another. Sample sets were also evaluated by plant. Protein and oil content of each NIRS analysis was evaluated by two factor Principal Component Analysis (PCA).
Grouped by sample source (ISU or plant) did not show significant differences (clustering) between sample source ( Figure 6 ). 
Figure 6: Protein and Oil PCA Analysis of Sample Source
Protein and oil NIRS data from retention samples and plant-reported data were not significantly different (P=0.82 and P=0.32, respectively) as evaluated by ANOVA. The interaction of plant and sample source (NIR analysis of retention sample at ISU or NIR analysis supplied by plant) was signficant for protein, but only for Plant 1 (P<0.0001). The difference between the means from each source was relatively minor at 0.24%. The sample source was not significant for Plants 2 or 3 (P=0.11 and P=0.14, respectively). The table below shows the significance test for source of protein NIRS data by plant. The interaction of sample source and plant was significant for oil for Plants 1 and 2 (P <0.0001 and P=0.0020), but the interaction was not significant for Plant 3 (P=0.23). Although statistically significant, the difference in the mean oil obtained by sample source (either retention sample analyzed at ISU or plant-supplied data) was relatively minor, at 0.10% pts for Plant 1 and 0.08% pts for Plant 2. The table below shows the significance test for source of oil NIRS data by plant. 
Confirming that the source of the data (ISU or plant-supplied) was not significant for either protein or oil validated the plant-supplied NIRS analyses, and allowed it to be used in the validation of the ethanol yield model.
Validation of Ethanol Yield Model
Ethanol yields were predicted using the validated, plant-supplied NIRS data as inputs in the updated equation (Model 5, Table 4 ). Predicted yields were compared to reported yields from each plant in Table 8 . There were significant differences among the plants in the study between reported and predicted yields (P<0.0001). A linear regression analysis was performed.
Figure 7: Reported vs Predicted Ethanol Yield Regression Analysis by Plant
The slopes for the three plants' predicted and reported ethanol yields did not differ significantly from one another. Plant 1 and 2 slopes did not differ significantly from 1 (P=0.09
and P=0.12). The slope of Plant 3, however, did differ significantly from 1 (P=0.01). The intercepts of Plant 2 and Plant 3 differed (P<0.0001), while the intercepts of Plants 1 and 3 did not differ significantly (P=0.27). Overall, the combined model for the linear regression produced a low R 2 value (0.23) which shows that a significant amount of variability in the data is not explained by the model.
Plant-supplied NIRS data were used as inputs to generate predicted ethanol yields using the updated equation. Predicted ethanol yields were then compared to facility-reported yields for Figure 7 shows the ability of the model to predict ethanol yield, but also shows that there is variability that cannot be predicted from a model based only on corn composition. The protein versus the predicted ethanol yield shows a clear inverse relationship, which is the expected relationship between protein and ethanol production ( Figure 11 ).
Figure 11: Predicted Ethanol Yield vs Protein Content Linear Regression
Figure 12: Reported Ethanol Yield vs Protein Content Linear Regression
The protein as compared to the reported ethanol yields does not show that clear relationship ( Figure 12 ). This shows that there is something else affecting ethanol yield in the production facilities. Because corn composition can be ruled out from the model, it may be inferred that there is processing variability, and likely data, that is altering the reported yield as compared to the predicted yield.
DISCUSSION
The difference between NIRS data at ISU from the physical retention samples and the NIRS data sent from the plants was not significant, taking into consideration that data could not On average, the data validated the prediction model. Day to day or batch by batch variability in processing was not accounted for in the equation, but the variability of the corn composition was. From the linear regression analyses performed on each plant, the slopes are the same, but there is a plant-specific bias. Figure 13 shows the averages of the predicted and reported yields by plant for the trial period. The predicted yields are close, yet the reported yields are noticeably different for each facility. Processing or data management differences could be the cause for these differences, which supports the idea of a site-specific bias for the equation.
Management at a facility could use the bias as a benchmark parameter to meet by improving ethanol yields (such as Plant 2 with a 0.10 gal/bu offset).
Figure 13: Average Predicted and Reported Yields by Plants during Trial Period
Benchmarking is a way to quantify success or shortfalls of production on commercial scale. Because the equation predicts ethanol yield well for plants on average, it can be used to benchmark process controls across crop years. For example, crop year changeover at ethanol plants can be a time of processing inconsistencies, especially if corn composition changes significantly. Figure 14 shows year by year data of corn protein content (15% MB) for 7 locations in Iowa concerns. Focusing on traceability would be a quality control parameter to optimize yield and improve processing that does not require any major equipment or process changes.
One of the ways the model could be used would be to combine it with other models to evaluate co-products. The change in ethanol yield affects the amount and composition of coproducts. Facilities could charge a premium to guarantee certain compositions of co-products, while knowing ethanol yield production and being able to plan around that at the same time.
The model can also be a benchmarking tool. Identifying and quantifying key performance indicators, starting with this equation would significantly increase quality control abilities. This would begin with the development of a comprehensive inbound corn quality management protocol. Knowing theoretical yield of a batch or even just on a daily average would begin to highlight processing deficiencies, especially if the deficiency was consistent over time.
Implementing this model on-site would be a first step in maximizing yields and, in turn, plant profitability. Clearly, the variation in plant reported yields indicates either plant process or data collection issues exist.
